The digitization of music, the emergence of online streaming platforms and mobile apps have dramatically changed the ways we consume music. Today, much of the music that we listen to is organized in some form of a playlist, and many users of modern music platforms create playlists for themselves or to share them with others. The manual creation of such playlists can however be demanding, in particular due to the huge amount of possible tracks that are available online. To help users in this task, music platforms like Spotify provide users with interactive tools for playlist creation. These tools usually recommend additional songs to include given a playlist title or some initial tracks. Interestingly, little is known so far about the effects of providing such a recommendation functionality. We therefore conducted a user study involving 270 subjects, where one half of the participants-the treatment group-were provided with automated recommendations when performing a playlist construction task. We then analyzed to what extent such recommendations are adopted by users and how they influence their choices. Our results, among other aspects, show that about two thirds of the treatment group made active use of the recommendations. Further analyses provide additional insights about the underlying reasons why users selected certain recommendations. Finally, our study also reveals that the mere presence of the recommendations impacts the choices of the participants, even in cases when none of the recommendations was actually chosen.
Introduction
In recent years, music streaming has become the predominant way of consuming music and the most profitable source in the music industry (Friedlander 2017) . At the same time, the consumption of music on modern online streaming sites has become largely determined by playlists, i.e., sequences of tracks that are intended to be listened to together Schedl et al. 2018) . In fact, according to Nielsen's 2017 Music survey (Nielsen 2017), almost three fourth (74%) of the music experience of the users is based on playlists. Furthermore, more than half of the survey respondents stated that they create playlists by themselves.
Creating playlists can, however, be a laborious task. In principle, many factors can potentially be considered in the creation process like the transitions between the tracks or the musical or thematic coherence of the selected musical pieces (Cunningham et al. 2006; Hagen 2015) . The availability of millions of tracks on today's music platforms like Spotify adds further complexity to the task. In general, a large set of options can soon become overwhelming for the users, and finally lead to problems of "overchoice" or "choice overload" (Iyengar and Lepper 2000; Gourville and Soman 2005; Scheibehenne et al. 2010) . As a result, users can find it more and more difficult to choose any of the options. In the case of playlist creation, although users only know a subset of the available options, they still perceive the identification of suitable tracks from memory as being difficult, and often wish to extend their music selection by discovering new tracks (Hagen 2015) .
One possible way of assisting users in the playlist creation process is to provide them with automatically generated track suggestions through a recommendation service. How to automatically select appropriate items for recommendation given an initial set of tracks has been extensively studied in the literature . Furthermore, playlist creation support tools can nowadays also be found in practice. Spotify, for example, as one of the market leaders in the area of online music services, provides such a functionality to its users.
As in other application areas of recommender systems, academic research in the field is to a large extent based on offline experimental designs and focused on optimizing the prediction accuracy of machine learning models (Jannach et al. 2012 ). To what extent higher prediction accuracy translates into higher utility for the user, to higher user satisfaction, or to increased adoption of the service is, however, not always fully clear (Jones 2010) . In fact, many factors can be relevant for the adoption of a recommendation service, including the ease of use of the interface, the users' trust in the system as well as recommendation-related aspects like the diversity of the track suggestions (Jones 2010; Armentano et al. 2015; Tintarev et al. 2017) .
Given this research gap, the goal of the work presented in this paper is to go beyond algorithmic approaches for track selection and to explore research questions related to the adoption and influence of recommender systems during the playlist creation task. To that purpose, we have conducted a controlled user study involving 270 subjects, where the task of the participants was to create a playlist for one of several predefined topics. About half of the participants-the treatment group-were supported by a recommender system, which used two different strategies for track selection. The main goals of our study were to understand (i) to what extent and for what reasons system-generated recommendations are actually adopted by users, and (ii) how the recommendations influenced the playlist creation behavior of the users.
One main finding of our work is that track recommendations were highly adopted by the participants. More than 67% of the participants of the treatment group picked at least one recommended track for inclusion in their playlists, which we see as a strong indicator of the utility of the provided functionality. The recommendations furthermore had a positive effect on some other dimensions. In particular, they helped participants discover relevant tracks and influenced their choices even when they did not select one of the recommendations. Overall, our study provides a number of novel insights on the effects of recommendations on users in the music domain. It emphasizes the practical relevance of such systems and leads to a number of implications regarding the design of such systems. Generally, we therefore see our work as an important step towards more comprehensive and user-centric approaches for the evaluation of music recommenders (Pu et al. 2011; Knijnenburg and Willemsen 2015) .
The paper is organized as follows. Section 2 provides a brief review of related works and previous user studies on the topic. Further in the same section, we summarize the insights of an exploratory study as described in (Kamehkhosh et al. 2018 ). We present our research questions in Sect. 3 and provide the details of the main study in Sect. 4. The outcomes of the study are discussed in Sect. 5. Finally, in Sect. 6, we discuss the practical implications that result from our observations, list the research limitations and threats to validity of the study and present an outlook on future works.
Previous works

Algorithms for next-track music recommendation
The majority of research works in the area of recommender systems, as mentioned above, aims to improve the prediction accuracy of an algorithm based on long-term user profiles. In the specific problem setting of our scenario-the recommendation of additional tracks during playlist construction-we, however, do not make the assumption that such a user profile is available for personalization.
Differently from the traditional "matrix completion" problem formulation, the computational task in our case is thus to determine a set of suitable musical tracks given a sequence of previous tracks. A variety of algorithms have been proposed for this scenario that is commonly referred to as "next-track music recommendation", "playlist continuation" or "session-based recommendation" Quadrana et al. 2018) . The proposals range from the application of sequential pattern mining, session-based nearest neighbor techniques, random walks on a hypergraph whose edges correspond to playlist categories, hybrid techniques based on meta-data and content information, re-ranking techniques based on musical features, or neural networks that leverage various types of data (Hariri et al. 2012; McFee and Lanckriet 2012; Jannach et al. 2015; Vall et al. 2018) .
A comparative evaluation in Bonnin and Jannach (2014) revealed that in terms of typical information retrieval (IR) measures like the recall, a newly proposed method called CAGH was particularly competitive. The conceptually simple method ("Col-located Artists-Greatest Hits") takes the artists of the given playlist beginning as an input and recommends the most popular tracks of these artists and of other artists that are similar to those appearing in the playlist beginning. The similarity between artists can be based on different measures, e.g., on their co-occurrence in publicly shared playlists. Since the CAGH method not only led to competitive performance results in terms of IR measures, but also led to a very good quality perception in a user study presented in Kamehkhosh and Jannach (2017) , we also rely on a very similar recommendation approach in this work.
Commercial companies only sometimes reveal how parts of their machinery works. In a number of public presentations, Spotify, for example, revealed that they use matrix factorization based on implicit feedback for their "Discovery" feature (Johnson 2014; Johnson and Newett 2014) . Little technical detail is however known about their "Radio" or playlist recommendation feature. After Spotify acquired The Echo Nest in 2014, a music intelligence platform that focused on the analysis of audio content, it was announced that they were planning to also utilize content-based techniques. In more recent presentations, such as (Steck et al. 2015) , the authors report that Spotify uses an ensemble of different techniques including NLP models and Recurrent Neural Networks as well as explicit feedback signals (e.g., thumbs-up/thumbs-down), and also audio features for certain recommendation tasks. It remains, however, unclear from the presentations which techniques are used for which types of recommendations (radios, weekly recommendations, playlists, etc.).
According to the documentation of the Web API of Spotify, recommendations are aimed to create a playlist-style listening experience based on seed artists, tracks and genres. In this context, the available information for a given seed item is used to find similar artists and tracks. An analysis of Spotify's playlist continuation API revealed that it seems to have a tendency to recommend less popular items than some academic approaches (Jannach et al. 2016a ). Since the above-mentioned CAGH method by design has a tendency to recommend comparably popular tracks, we decided to use Spotify's recommendation API as an additional source for track suggestions in our study.
In general, remember that our work is not aiming to compare different algorithms or advance the field in terms of prediction accuracy. Our study aims at understanding to what extent users adopt automated recommendations and how they influence their playlist creation. Therefore, we used algorithms that have either shown to be generally well-perceived through a user study (CAGH) or were presumably optimized over years of practical deployment (Spotify API).
User studies on music recommenders
Compared to the number of "offline" experiments based on historical data like listening logs or public playlists, the number of user studies on music recommenders is low.
Visualization and user interaction aspects
The probably most widely investigated aspect that has been explored through user studies relates to visualization aspects (Lehtiniemi and Ojala 2013; Andjelkovic et al. 2016 Andjelkovic et al. , 2019 Zhang and Liu 2017) and to the design of the user interface (Baur et al. 2010 (Baur et al. , 2011 Bostandjiev et al. 2012; Kamalzadeh et al. 2016; Jin et al. 2017) . Andjelkovic et al. (2016 Andjelkovic et al. ( , 2019 , for instance, introduced "MoodPlay" as an interactive music-artists recommender system, which integrates content and mood-based filtering functionalities in the user interface. Andjelkovic et al. (2019) conducted a user study involving 279 participants in which four versions of the interface were evaluated with various visualizations and interactions. The results showed, among other aspects, that the interface design and a certain combination of interactive features improved objective and perceived recommendation accuracy, as well as self-reported user satisfaction. In a similar approach, Zhang and Liu (2017) evaluated the usability of three alternative visualizations of a user's listening history (via Bean plot, Instrument plot, and Transitional Pie plot) through different user studies. Their results showed that the proposed visualization is useful for non-expert users for visual analysis tasks.
In another work, Baur et al. (2010) proposed an interactive track recommendation service called "Rush", which was optimized for touch-screen devices. Among other aspects, the authors analyzed its usability for left-handed and right-handed users. Furthermore, in Baur et al. (2011) , the authors introduced "Rush 2" as a mobile interface for playlist creation with varying levels of automation (from manual to automatic). A two-week diary study was conducted to evaluate the usability of the application and the satisfaction of the users. Other related user studies in this context, such as Bostandjiev et al. (2012) , Kamalzadeh et al. (2016) and Jin et al. (2017) , highlighted that explanations, visual representations, and user control mechanisms can be suitable means to increase user satisfaction. 1 The visual design of a music recommender, the provided functionalities, its position on the screen, and its ease of use are important factors that influence its adoption by the users, see, e.g., Knijnenburg et al. (2012) . In our study, the design of the recommender is on the one hand inspired by the layout of existing tools, including the one by Spotify, where the recommended tracks are updated after each user interaction and where individual tracks can be added to the playlist under construction via drag and drop. Based on the insights from the literature and a pre-study described in Sect. 2.3, we furthermore decided to apply a grid layout for the recommendations, which has been shown to be preferable in comparison to, e.g., one-dimensional list interfaces (Chen and Pu 2010; Kammerer and Gerjets 2010) .
Immediate consideration of user feedback In which ways users are enabled to state their preferences and how these preferences are integrated into the recommendation process is another area of research, which has been investigated to some extent through user studies (Pontello et al. 2017; Yakura et al. 2018) . Pontello et al. (2017) , for instance, presented a framework that relies on real-time user feedback to support personalized navigation in large media collections. To evaluate the proposed framework, they developed a Web application called "Mixtape" where users could provide a start track and were then presented one suggestion after each other. For each track, the users could provide a "like" statement or skip the track. One main result after analyzing over 2000 navigation sessions was that the resulting playlists based on immediate feedback were more coherent in terms of the artists in comparison with tag-based and artist-based navigation approaches.
In a more recent work, Yakura et al. (2018) proposed a recommender system called "FocusMusicRecommender" for playing music while working. Among other functionalities, they introduced a "keep listening" feedback button that together with the "skip" button enables the system to determine songs that users like and dislike. The authors also estimated the concentration level of users based on various indicators such as keyboard input, mouse input, and Web browsing activity. The estimated concentration level was then adopted to refine the users' preference level. The value of considering the user's concentration level was then validated in a within-subjects user study, where the participants reported on their impressions regarding the different tracks that were played by the recommenders. The study revealed that considering the estimated concentration level was useful, leading to a selection of tracks that is more suitable during work.
Differently from the systems proposed by Pontello et al. (2017) and Yakura et al. (2018) , the users in our study can not explicitly like, dislike, or remove one of the provided recommendations. However, each addition of a recommendation to the playlist under construction is considered as a positive implicit feedback signal, and similar to the work by Pontello et al. (2017) , this feedback is immediately taken into account to compute the next set of recommendations.
Quality perception of recommendations Another group of user studies in the literature explore the quality perception of music recommendations (Sinha and Swearingen 2001; Barrington et al. 2009; Jones 2010; Kamehkhosh and Jannach 2017) . In Kamehkhosh and Jannach (2017) , the results of a study involving 277 subjects 2 indicated that users generally preferred recommendations that were coherent with the recently played tracks in different dimensions. The results also revealed that the participants tended to evaluate recommendations better when they already knew the track or the artist. In a similar work, Barrington et al. (2009) compared different music playlisting approaches in a user study involving 185 participants. The compared methods included Apple iTunes' Genius collaborative filtering based system, a method based on artist similarity, and one based on the similarity of acoustic content. Their results indicated that, among other aspects, the general similarity of the recommendations with the seed track had a major importance, especially in terms of sound and style, and that showing artist and song names had a large influence on how users evaluated the generated playlists of each algorithm. 3 In another work, Jones (2010) reported the results of two within-subjects user studies to compare the user acceptance and adoption of the recommendations provided on two popular music websites, Pandora.com and Last.fm. The participants of the studies were asked to register for both services and were queried about their preferences after using the services. The results indicated that users strongly preferred Pandora over Last.fm, mainly because of its perceived superiority in terms of recommendation quality, but also in terms of novelty and enjoyability of recommendations as well as its user interface. Last.fm and Pandora mainly provide recommendations through Web radios, and users of these services are not provided with additional recommendation lists from which they can actively pick individual tracks as they can do in our study. An interesting observation in the context of their study is that the participants were not particularly interested to own or purchase the recommended tracks of either service. Only between 2 and 4% of the users answered positively to the corresponding questionnaire items "I would like to own the recommended songs" and "I would purchase the recommended songs given the opportunity."
In a similar work, Lee and Waterman (2012) studied the preferences of users regarding several commercial music streaming services, including Pandora and Last.fm. Like in the study by Jones (2010) , the participants generally preferred Pandora over Last.fm. Furthermore, the study indicated that users tend to prefer services that are more suited for discovery, with 12% of the participants selecting discovery of new music and artists as the main purpose of the recommendations. More recently, Mäntymäki and Islam (2015) performed a user study involving 374 Spotify users with the goal of identifying the main factors for the continued use of the service. One of their main findings was that discovery is a driving factor for renewing premium subscriptions. For users of the free version, discovery was, however, less relevant.
Generally, in most of the works discussed here, the main focus was on comparing the quality perception of different competing algorithms. In an alternative approach, Sinha and Swearingen (2001) examined the perceived quality of six different online recommender systems by comparing their recommendations with recommendations that were made by the friends of a user. Their results showed that users perceived the recommended items by recommender systems often "new" and "unexpected", while recommendations of friends mostly served as reminders of what users liked in the past. Similar to this work, our main focus is not on the optimization of a certain recommendation algorithm, but on the adoption of recommendations in general and their effects on users.
Choice of tracks for playlists in general Finally, a number of studies in the literature are concerned with understanding the factors that influence which tracks users choose for inclusion in a playlist in different situations (Pauws 2002; Swearingen and Sinha 2002; Cunningham et al. 2006 Cunningham et al. , 2007 Lehtiniemi 2008; Lamont and Webb 2011; Lee et al. 2011; Stumpf and Muscroft 2011) and (Kamalzadeh et al. 2012) . For example, the results of an early user study conducted by Pauws (2002) showed that playlists containing personalized tracks that were selected automatically for particular contexts ("listening to soft music" and "listening to lively music") were preferred by users over randomly assembled playlists. Lehtiniemi (2008) also conducted a user study with 42 participants to evaluate the performance of context-aware recommendations in comparison to random recommendations. Their results led to very high levels of user satisfaction with the proposed context-aware approach (called "SuperMusic"), which highlights the importance of considering the user's context when selecting tracks for playlists. In another work, Lamont and Webb (2011) explored short-term and long-term factors that influence the users' music preferences from a psychological point of view. The authors conducted a diary study for one month with nine undergraduate students with follow-up interviews with two participants. Their results indicated that musical favourites are subject to rapid change and that they are highly context-dependent, as was observed also in the aforementioned studies.
In Cunningham et al. (2006) , both interviews and Web forum posts related to the construction of playlists were analyzed. The authors found that playlists are often created with a theme or topic in mind, e.g., a genre, an event or a mood. Similarly, also the study in Swearingen and Sinha (2002) showed that mood, genre, and artists are the most important factors for users when selecting the tracks, which is in line with the outcomes of the studies of Cunningham et al. (2006) , Stumpf and Muscroft (2011) and Kamalzadeh et al. (2012) . Moreover, the user study from Lee et al. (2011) , in which the participants were asked to evaluate playlists that were automatically created based on a seed track, showed that factors such as variety, metadata, personal preferences, familiarity, and the combination of familiar and new music also strongly affect the users' perception of playlist quality.
Finally, Kjus (2016) analyzed the usage of playlists curated by WiMP (now renamed to TIDAL) during summer 2012. Their investigations revealed that playlists that promoted new music tended to have high but short usage peaks shortly after being released. Historical compilations and contextualized playlists, in contrast, had a much longer life span. Interviews with a focus group furthermore revealed that music is mainly discovered through friends and acquaintances, although streaming platforms were often used subsequently to explore the discovered music more deeply. The interviews also indicated some form of distrust towards both the curators (especially when the participants felt that some tracks were included for commercial reasons) and algorithms (especially when their accuracy was too low). In addition, it turned out that users tend to feel overwhelmed by the quantity of available tracks.
In our user study, we asked the participants to create a playlist for one of several given topics, and explicitly asked them about their selection rationale after the task. Differently from some previous studies, we therefore rely also on explicit user statements about the choice process and do not aim to reconstruct the users' motivations solely from the resulting playlists.
Observations from a pre-study
In Kamehkhosh et al. (2018) , we discussed the results of a preliminary user study that was executed to inform the design of the study reported in this paper. The general design of this pre-study is very similar to the one presented here. The task of the participants was to create a playlist for one of several predefined topics, and one part of the participants was supported by a recommendation system. Based on the observations and insights from this previous study, we improved the design of the new study in different ways. First, in the pre-study, we relied solely on Spotify's API to generate the next track recommendations. Since it is unknown how Spotify generates the recommendations, we created the recommendations in the new study using two sources as mentioned above. Including the academic recommender therefore allows us to move away from pure "black-box" recommendations. In addition, we also included further questions in the post-task questionnaire that are designed to help us understand the reasons why participants selected certain tracks from the provided recommendations.
Another interesting observation in our previous study was that there was a subset of participants who never picked any of the recommendations, but whose track choices were apparently influenced by the provided recommendations. 4 This phenomenon manifested itself in particular in the choice of the artists. In our previous study, we had not anticipated such an effect. In the new study, we include a corresponding measurement and explicitly ask the participants in the post-task questionnaire about this potential influence.
Discussion
The study presented in this paper is inspired by insights from existing work in two main ways. First, we relied on existing works to inform the design of the recommendation service to be used in our study. Given the abundance of existing research on that topic, we decided to combine two complementary algorithms. The first one, the CAGH algorithm, is a simple yet particularly competitive algorithm and has a tendency to recommend relatively popular tracks. The second one, Spotify's playlist continuation algorithm, furthermore allows us to rely on industry-strength recommendation technology. Their algorithm, as discussed above, also has a tendency to recommend less popular tracks. Besides the recommendation algorithm, the user interface shows to have a significant effect on user satisfaction. Following insights from the literature, we adopted a grid layout in our study, which was often found to be preferred over one-dimensional list interfaces. Furthermore, the recommendation system used in our study supports the incorporation of user actions in real-time, leading to immediate updates when items are added or removed from the playlist.
The second inspiration from existing research relates to the problem of identifying the factors that influence the selection of the tracks and the adoption of the recommendations. Several factors were found in the literature to have a potential influence on the users' behavior. These factors for example include the similarity and diversity of the playlist in terms of the topic, theme, mood, genre or artists. Furthermore, the general user preferences and the users' familiarity with certain tracks or artists are of course relevant as well. However, existing studies are often limited to either the quality perception of different recommendation approaches (e.g., content-based versus collaborative filtering), or the analysis of the characteristics of the created playlists. In this present study, we aim at a more comprehensive approach. We compare the behavior of users when supported with recommendations and without recommendation support, we analyze the resulting playlists in different dimensions, and we investigate further aspects of the users' choice process and their satisfaction through a questionnaire.
Research questions
Our research questions revolve around the problem of understanding in which ways system-provided recommendations have an impact on the behavior of users when creating playlists. In that context, we consider a playlist to be a sequence of tracks that is created manually for a given purpose, e.g., for listening during a road trip. In the research literature, alternative types of playlists exist as well, e.g., club playlists, which are made by DJs in clubs, or personalized radio playlists, which are generated by Web music services like Spotify, see Bonnin and Jannach (2014) . In particular, the latter type of auto-generated playlists is not in the focus of our work, as we are interested in the usefulness of a recommender system as an assistive tool during manual playlist construction.
Regarding our research questions, existing works on music recommendation often focus on the improvement of the prediction accuracy of the underlying algorithms. However, as discussed above, high prediction accuracy does not necessarily correlate with a high adoption of the recommendations (Jones 2010) , and more research is required to understand to what extent users actually rely on such a recommendation service in the first place. If we observe a high adoption rate, this would support the assumption that such a recommendation service is relevant and provides potential value for the consumer. Low adoption, in contrast, could indicate that today's technology
is not yet at a state where it is considered particularly helpful. This would mean that further studies are required to understand why users do not rely on the system's recommendations. Our first goal is therefore to assess to what extent recommendations are adopted during playlist construction.
Research Question 1 (RQ 1) How high is the adoption rate of recommendations during playlist creation?
Independently of RQ 1, we are interested in the reasons why users select certain tracks from the provided recommendations and not others, or why they do not use any recommendations at all. Although the match with user preferences is commonly considered a key factor for the adoption of recommendations, previous studies have shown that optimizing for prediction accuracy alone might not be sufficient. Other factors can play an important role as well and a better understanding of the relative importance of these factors will help service providers design better-accepted systems. In our study, we are specifically interested in three types of factors, which we will discuss in more depth below: user-related factors, system-related factors and musicrelated factors. 5 As user-related factors, we consider the match of the recommendations with the users' general taste, the users' expertise and enthusiasm for music and their attention.
Research Question 2 (RQ 2) How important is each user-related factor (i.e., the match with user preferences, the expertise and enthusiasm of the users and their attention towards the recommendations) for the adoption of recommendations?
The system-related factors considered in our study include the trust the users have in the system, the perceived ease of use and the helpfulness of the system.
Research Question 3 (RQ 3) How important is each of the system-related factors (i.e., the trust in the recommender system, the perceived ease of use, and the helpfulness of the recommender) for the adoption of recommendations?
Music-related factors relate to (i) general quality criteria of playlists and to (ii) the characteristics of the provided recommendations. Regarding generally desirable playlist characteristics, participants of previous studies often state that criteria such as the diversity of the artists or the homogeneity of the track characteristics are of major importance to them (Cunningham et al. 2006; Fields 2011; Lee et al. 2011) . However, it is often not fully clear from these studies to what extent the users actually consider these subjective criteria when they decide to accept a recommendation.
The characteristics of the recommendations themselves can also impact the adoption of a recommendation. For instance, previous research provided indication that the adoption is dependent on the diversity of the recommendations (Jones 2010; Castagnos et al. 2013 ).
Research Question 4 (RQ 4) How important is each of the music-related factors (i.e., the quality criteria of the playlists and the characteristics of the recommendations) for the adoption of recommendations?
Generally, music can be played in various contexts, and depending on these contexts, the individual quality factors might be of different importance. Schedl et al. (2018) differentiate between the listening context, for instance the location or activity, and the listening purpose, for instance mood regulation or social bonding. We consider these two types of context in our study by asking participants to create a playlist for a certain listening context (e.g., while driving a car) and a certain purpose (e.g., to calm down). We use the term playlist topic to denote this combination of listening context and purpose. 6 The distinction between the listening context and purpose was also studied in the field of music sociology in form of the functions of music in everyday life. For example, interviews conducted by DeNora (2000) showed that the interviewees use music in their everyday life-in contexts such as shopping malls or exercise classes-to organize their internal and social world. Similarly, North et al. (2004) conducted a user study with 346 people about the music they had heard during the day. Their results also highlighted the relevance of context and purpose for the users' perception of music. For instance, they concluded that people like music that they listen in isolation more than what they listen in the presence of others.
Several other works have pointed out the general importance of contextual factors when providing recommendations (Pichl et al. 2012; Dias et al. 2017; L'Huillier et al. 2017) . However, the importance of contextual aspects in comparison to other quality factors has, to the best of our knowledge, not been studied so far. Our research question therefore is as follows.
Research Question 5 (RQ 5) To what extent does the adoption of recommendations depend on the topic (context and purpose) of the playlist to be created?
Although the goal of recommender systems is generally to recommend items that the user may like or need, they can also influence the choices of the users and make them consume items they would not have consumed otherwise, a phenomenon often referred to as persuasiveness (Zanker et al. 2006; Yoo et al. 2012) . Persuasiveness is a multi-faceted concept, for which a number of definitions can be proposed (O'Keefe 2002) . In this paper, we rely on the definition of persuasive technologies proposed by Fogg (2003) : "interactive computing systems designed to change people's attitude and behaviors."
Persuasiveness has previously been observed for various types of recommendations including, TV shows (Adomavicius et al. 2011) , traveling (Gretzel and Fesenmaier 2006) , etc., but to the best of our knowledge, was never studied for music recommendation. Recent research has shown that even the mere presence of recommendations can have a significant influence on the choices of the users (Köcher et al. 2018 (Köcher et al. , 2016 , i.e., users tend to choose items that share some characteristics with the recommended items. The provided recommendations may thus be inspiring for users and help them find relevant tracks even if the recommendations are not directly used.
Research Question 6 (RQ 6) To what extent do the recommendations influence the choices of the users?
Study design
To answer the research questions, we conducted an online study. All participants were asked to create a playlist for a predefined topic using an online application that was developed for the purpose of the study. The online experiment consisted of the following three main parts.
Intro-select a topic
In the first step-on the welcome page of the applicationthe participants were introduced to the task and to the terms and conditions of the experiment. All participants were then asked to select a topic for the playlist to be created from the following predefined list (see also Fig. 1 ):
1. Chillout-Crazy songs "Crazy tracks to let it go, let the storm rage on for an evening at home after a stressful workday." 2. Chillout-Relaxing tracks "Relaxing tracks for an evening chillout at home after a stressful workday." 3. Roadtrip-Bank robbery "Tracks to get energized while escaping after a bank robbery on a summer day." 4. Roadtrip-Singing along "Tracks to sing along on a roadtrip on a summer day." 5. Work-Motivation "Tracks to get motivation to work when bored at office." 6. Work-Focusing "Tracks to better focus on some complex topic at office."
The main reason for asking the participants to choose such a topic was to answer RQ 5 about how topics and adoption factors are related. We selected the topics as follows. We initially defined 20 topics by combining different contexts with different purposes. We then presented these topics to a group of about 60 students and asked them to select those for which they felt capable to create a playlist in a few minutes. We then selected the three most frequently selected contexts together with their corresponding purposes.
For each of the finally selected six topics, we provided a brief explanation to make the context as well as the purpose of the playlist clear. To avoid order effects, the order of the topics was randomized across all participants.
Main task-create a playlist After selecting a topic, the participants were forwarded to the playlist-creation page. A short instruction on how to use the playlist creation tool was presented to the participants at the beginning. In order to answer RQ 6, i.e., how do the recommendations influence the choices of the users, the participants were automatically assigned to one of two groups: one group with recommendations support (called Rec) and one group without recommendation support (called NoRec). Both groups could add tracks to their playlist using an advanced search interface. The treatment group (Rec) additionally received recommendations at the bottom of the page during the playlist creation task (see Fig. 2 ). The control group (NoRec) was shown the same interface but without the recommendation section at the bottom, i.e., these participants could only use the search functionality. The assignment of the trials was based on a round-robin scheme across the participants to obtain roughly the same number of participants for each group.
To help participants start the playlist creation process, one song was suggested to the participants of both groups. They could either accept or reject it. The suggested start song of each topic was selected from a topic-related popular playlist on Spotify.
The lists of recommendations of the Rec group contained 20 tracks. The recommendations were displayed after the first track was added to the playlist. The list was then updated automatically every time an item was added to the playlist or was removed from it. Ten recommendations of the list were retrieved through the recommendation API of Spotify. Although it was possible to set target values for some attributes such as energy, loudness, or popularity over the API, we used the default parameter values to avoid any bias. 7 Note that the recommendation API accepts up to 5 seed tracks. We, therefore, provided the last 5 tracks of the playlist to retrieve recommendations.
The other 10 recommendations were generated by an artist-based approach we called "Related-Artists Greatest-Hits" or RAGH. Similar to the CAGH algorithm , the RAGH method recommends the greatest hits of artists that appeared in the given playlist and of artists that are "related" to the artists of that playlist. To determine the greatest hits as well as the related artists, we relied on Spotify's API. 8 The RAGH recommendations were finally generated as follows. First, we determined the single greatest hit of each artist of the last 5 tracks of the given playlist. The remaining places of the 10-item recommendation list of RAGH were filled with the greatest hits of their most related artists.
These two lists-the RAGH-based one and the one based on the Spotify APIwere then merged into one recommendation list as follows. To avoid order effects, each time the recommendation list was updated, the top-10 recommendations of one of the recommenders (Spotify or RAGH) were randomly selected to be included first in the recommendation list. The top-10 recommendations of the other recommender were then placed at the end of the recommendation list as the 11th to the 20th recommendation.
When the participants created their playlists, they were able to listen to 30-s previews of the searched and recommended tracks. The previews were also obtained via Spotify's API. 9 The order of the tracks in the playlist could be changed via drag-anddrop.
Once the playlist contained at least six tracks, the participants could proceed to the post-task questionnaire. One reason for selecting six as the minimum number of tracks in a playlist relates to the fact that Spotify accepts up to five seed tracks. Moreover, with six tracks the complexity (cognitive load) of the playlist creation task should remain with manageable limits for the participants (Shiffrin and Nosofsky 1994) . At the same time, requiring at least six tracks ensures that the created playlists are not too short. During the process, the participants were also given the opportunity to save their playlist for later use as a CSV file which contains the track names and their Spotify identifiers.
Post-task questionnaire In the last step of the user study, participants were asked a series of questions concerning their created playlist and, if applicable, concerning the provided recommendations. The questionnaire items are partially adapted from (Knijnenburg et al. 2012) . In particular, these questions should help us find answers to the above-mentioned research questions and understand additional aspects and relationships related to the research questions. One part of the questionnaire items was presented to all participants. Another set of additional questions was shown to the Rec group who had received recommendations during the playlist creation task.
Questionnaire items for all participants To understand if recommendation support had a positive impact on the users' satisfaction with their created playlists, we asked all participants to what extent they believed that their chosen tracks fit the topic, if they liked their chosen tracks, if they liked their created playlist, and if they were confident enough about their playlist that they were ready to share it. The specific questions are presented in List 1 of Table 1 .
Furthermore, we asked all participants about the perceived difficulty of the playlist creation task (Table 1 In addition, all participants were presented with a list of quality factors for playlists that were mentioned in the literature. The features were either related to individual tracks (e.g., popularity or freshness) or to the list as a whole (e.g., artist homogeneity), see Table 1 -List 3. The participants were asked to rank these quality factors by decreasing order of relevance for their playlist, or mark them as irrelevant (see Fig. 3 ). The rankings provided by the participants allow us to contrast their expressed quality criteria with the characteristics of the adopted recommendations, which should help us answering RQ 4.
Finally, to investigate if users behave differently depending on demographics and music expertise, and to answer RQ 2, we asked all participants a number of questions about their age, music enthusiasm and how often they listen to music and create playlists. These latter questions were asked to estimate the expertise of the participants. The specific items are presented in List 4 and 5 of Table 1 .
Additional questions for the participants with recommendation support
The participants of the Rec group were asked to answer additional questions about the recommendations that they received during the playlist creation task, see Table 2 .
To be sure that only those participants who had actually looked at the recommendations get these questions, we first asked them in which ways they had used the recommendations. Specifically, our goal was to distinguish between the following types of participants. Those who did not notice the recommendations at all (called RecNotNoticed), those who noticed the recommendations but did not pay atten- Fig. 3 A list of quality factors was presented to the participants via drag-and-drop-enabled lists. The predefined list of quality factors was presented in the left list in randomized order. The right list was initially empty. Participants could move factors that were relevant to them to the right list. The order of the elements in the right list should be used to express the relative importance of the factors tion to them (RecNoAttention), those who looked at the recommendations but did not use them (RecSeenNotUsed), and finally those who actually used the recommendations (RecUsed) (see Fig. 4 ). Accordingly, we asked the subgroups of the Rec group who actually used the recommendations (RecUsed) and the ones that looked at the recommendations but did not use them (RecSeenNotUsed) about the quality of the recommendations and the recommender system in general. Again, participants could express their agreement with the provided statements, e.g., "The recommendation lists were varied.", on a 7-point Likert scale. The answers to these questions correspond to subjective ratings of various quality criteria of the provided recommendations. This will allow us to look for possible correlations between the perceived quality of the recommendations and their adoption, which is the main focus of RQ 4.
To obtain a better understanding of why some of the users who received recommendations did not use them, we asked the respective participants some further questions. For example, we use the responses of the participants of the RecSeenNotUsed group to the statement "Although I did not use the recommendations, they influenced my selected tracks." to address RQ 6 about the influence of the recommendations on the users' choices. These questions are listed in Table 3 .
Results
Overall, 270 participants completed the study 10 ; most of them were university students from Germany, who were recruited via invitations sent to university mailing lists; a smaller part was recruited via invitations on social network sites. Most (88%) of the participants were aged between 20 and 40. 11 On a scale from 1 and 7, the median of the self-reported enthusiasm for music was 6 and the median of the self-reported values on how often they listen to music was 5, i.e., the majority of the participants considered themselves experienced or interested in music. Most of the participants, however, do not create playlists regularly; only 34% of the participants responded to the corresponding statement ("I create playlists a lot.") with a 5 or higher (median = 3). 12 It is worth noting that generally the participants presented a high level of task engagement. They spent on average 7.46 min on the playlist creation task and created playlists that contained on average 8.98 tracks although the requested size was only 6. The participants were also generally satisfied with their created playlists. In fact, 11 As we asked for the age group of the participants and not their exact age, see Table 1 , List 5, we can only use the lower bound (21 years old) and the upper bound (31 years old) when computing the average age of the participants. 12 The collected data is ordinal, i.e., a ranking of the response levels is possible. However, we cannot assume equidistance between the response levels, and reporting mean and standard deviation values in such a case is often considered questionable in the literature. Fig. 4 We asked the participants how they had used the recommendations during the playlist creation task more than 90% of the participants-independent of the treatment group-responded to the statement "My chosen tracks fit my preferences" with a rating of 5 or higher. Moreover, the majority of them stated that they were confident to share their playliststhe median value to the corresponding statement is 5. About 58% of them saved their created playlists, which indicates a certain intention of actually reusing them. These generally high engagement and satisfaction levels make us confident that the users accomplished the tasks thoroughly. 13
RQ 1: adoption of recommendations
To answer this research question, we first looked at the proportion of participants who were presented with recommendations and actually used them. As mentioned previously, half of the participants (135 participants) were assigned to the Rec group. As many as two thirds (67%) of these participants drag-and-dropped at least one of the recommended tracks to their playlists. We denote this group as RecUsed. On average, each participant of the RecUsed group used 3.6 recommendations, which represents 39% of the tracks of their playlists. This value is 2.4 recommendations per playlist when all participants of the Rec group are considered.
Overall, we interpret these numbers as strong indicators of the general usefulness of a recommendation component in the music domain. These findings are also in line with our preliminary study (Kamehkhosh et al. 2018) , where the proportion of users who used at least one recommendation was about 50%, and 38% of the tracks in the playlists of these participants came from the recommendations.
To better understand if participants either mostly relied on the recommendations, mostly used the search interface, or if they often used both options, we counted the percentage of tracks that were taken from a recommendation for each playlist. The resulting distribution is shown in Fig. 5 . The results show that most participants decided to rely mostly on one of the two options. Only in a few (five) cases-represented by the bar in the middle of the figure-the participants used both options in parallel. In these cases, about half of the items were taken from the recommendations and half of the items were retrieved via the search interface. Overall, therefore, only a few participants used a balanced mix of the available functionality. The numbers so far are based on the actual use of the recommendations. To obtain a more comprehensive picture, we additionally asked the participants of the NoRec group-those who had no recommendation support-whether they would have liked to get automated recommendations during the playlist creation task (cf. Table 3 ). In fact, about 55% of these participants answered the question positively (i.e., assigned a rating greater or equal to 5), see Fig. 6 .
Overall, our results confirm that the participants generally liked the recommendation feature and actually used it to a quite large extent. Recommendation support during playlist creation can therefore be considered a feature of high potential value for customers of an online music service.
RQ 2: user-related factors for the adoption of recommendations
We now turn our attention to the different adoption factors and the effects of the recommendations on the behavior of the participants. We start our discussion with the following user-related factors: the users' preferences, their expertise and enthusiasm for music, and their attention with respect to the recommendations.
Match with user preferences
According to the answers to our questionnaire, 40% of the participants of the RecSeenNotUsed group did not adopt any recommendation because they did not like the recommended tracks (see the first bar in Fig. 7) . In other words, the fact that the recommender did not match well the preferences of the users explains less than half of the cases when no recommendation was adopted. The distri- Fig. 7 Distribution of the responses of the participants of the RecSeenNotUsed group to why they would have not used any recommendations during the playlist creation task. "Not liking" corresponds to the statement "I did not like any of the recommendations in the lists.", "No trust" corresponds to the statement "I do not trust recommender systems.", and "Not at ease" corresponds to the statement "I do not feel at ease with the use of recommender systems" bution of other reasons stated by the participants for not adopting recommendations are shown in Fig. 7 .
We also measured the correlation between the number of times the participants selected a track from the recommendations and the ratings they provided to the question about the match of recommendations with their preferences. 14 We obtained a correlation of 0.35 ( p < 0.001), which is considered as a moderate correlation (Corder and Foreman 2014) . In other words, the match of recommendations with the users' preferences only moderately influenced the adoption of the recommendations. Overall, these results are in line with previous studies showing that being able to predict the user's preferences with high accuracy is not fully sufficient to obtain a high adoption rate for the recommendations (Jones 2010; Nilashi et al. 2016) .
Expertise and enthusiasm of users Looking at the answers to the questions related to the user expertise, we observed a strong difference between the group of participants who were very frequent playlist creators and the others. 15 The frequent playlist creators represent about 13% of the participants. They adopted on average 1.5 recommendations, whereas other participants adopted 3 items on average. The difference is statistically significant ( p = 0.03). 16 Those participants who do not very frequently create playlists reported different levels of music enthusiasm. Again, we found differences in their behavior that seem to depend on their expertise. Participants with comparably low music enthusiasmwith a rating lower than 4 for the corresponding question-only adopted about 1.7 recommendations on average. Participants with higher enthusiasm in contrast picked 3.23 tracks. The difference is again statistically significant ( p = 0.03).
Overall, these results show a high importance of the expertise and enthusiasm of the users, as the participants who did not adopt many recommendations were either experts in playlist creation or had low enthusiasm for music. As a result, service providers might want to implement additional means to particularly stimulate users with apparently low music enthusiasm to make more use of the provided recommendation functionality.
Attention of the participants A third user-related factor for the (non-)adoption of recommendations is the lack of attention of the participants. Figure 8 shows how many participants used the recommendations (67%) and summarizes how the participants answered in case they did not use them. Only 3% stated that they did not notice the recommendations at all (denoted as RecNotNoticed). Another 10% stated that they noticed the recommendations but did not pay attention to them (RecNoAttention). The remaining 20% looked at the recommendations but did not use any of them (RecSeenNotUsed).
With only 3% of participants from the Rec group (4 participants) who did not notice the recommendations, it seems this particular cause of non-adoption is a minor concern.
14 As the collected data about the quality of recommendations are ordinal (between 1 and 7), we used Spearman's correlation measure, which is the nonparametric version of Pearson's correlation measure. 15 We considered those as very frequent creators who answered with the highest rating to the corresponding questionnaire item. 16 To test for statistical significance for the ordinal data, we use the Mann-Whitney U test and for the interval data we use the Student's t-test, both with α = 0.05. However, the remaining 30% are more problematic. Possible causes for the nonadoption of the recommendations include (1) the lack of trust in recommender systems, (2) the difficulty of using the recommender and (3) the fact that some participants already knew which tracks to include. These aspects are examined next.
RQ 3: system-related factors for the adoption of recommendations
Trust in recommender systems One first system-related adoption factor is trust. Based on the answers of the participants to the corresponding question, 25% of the participants of the RecSeenNotUsed group who did not use the recommendations and 7% of the participants of the RecNoAttention group who did not pay attention to the recommendation do not trust recommender systems. Although this number is relatively low, it partially explains why 30% of the participants who did notice the recommendations chose to not use any of them. Means of increasing trust have been extensively studied in the literature and include the improvement of the presentation (for instance by including a humanoid agent) and the provision of explanations about the underlying algorithms (Kizilcec 2016; Berkovsky et al. 2017) .
Perceived ease of use Recommender systems represent one possible solution to reduce the general difficulty of the playlist creation task. However, in order to reduce this difficulty, the effort required to use the service must be outweighed by the benefits of using the service (Armentano et al. 2015) . We asked the participants of both the NoRec and Rec groups to rate the difficulty of the playlist creation task on a 7-point Likert scale, where 1 means that the participants found it not difficult at all. Both groups assigned a median value of 2. In other words, neither group perceived the task as being difficult, and the recommendations did not increase nor reduce this difficulty, see Fig. 9 . This observation is in line with our preliminary study, where also no statistically significant difference was found. However, in the previous study the participants of the NoRec group found Fig. 9 Distribution of the responses of the participants of the Rec and NoRec groups to the statement "Overall, it was a difficult task for me to create this playlist" the task slightly more difficult, with a median rating of 3 for the same question (the difference is statistically significant, p < 0.001). Compared to the previous study, the definitions of the topics are much more detailed, especially as they make a clear distinction between the corresponding contexts and purposes. Therefore, one explanation for this result could be that defining more precisely in what context and for what purpose a playlist must be created lowers the perceived difficulty of the playlist creation task.
Overall, the recommendation service did not reduce nor increase the perceived difficulty of the playlist creation task. In other words, the additional effort required to use the service was compensated by its helpfulness, which we study next.
Helpfulness According to the answers to the questionnaire, 57% of the participants of the RecNoAttention group already knew what tracks they wanted to include, which represents about 6% of the Rec group. In other words, the proportion of participants who did not need any recommendation support was relatively small.
Moreover, 76% of the participants who used the recommendations believed that recommendation support is time-saving, i.e., they responded to the statement "I could save some time using the recommender" with a 5 or higher. This result was confirmed by our objective measures. Looking at the time required to complete the entire playlist creation task shows that the users who used recommendations needed, on average, one and a half minutes less (6.31 min) than those without recommendation support (8.03 min). The difference is however only marginally significant ( p = 0.07). At the same time, the participants who used recommendations-and needed less timecreated longer playlists, with an average size of 9.38 versus 8.77 for the others.
Overall, the recommendation service was therefore effective in helping the participants find relevant tracks. One specific way of helping them is to provide recommendations of tracks and artists they do not know and that are relevant (Hagen 2015) . We thus asked the participants if the recommendations helped them discover such tracks and artists. As shown in Fig. 10 , 55% of the participants who used the recommendations stated that the recommender provided relevant tracks they did not know, and 49% answered that it provided relevant artists they did not know. The service was therefore generally helpful for that purpose. The proportion is, however, around 20% for the RecSeenNotUsed group. This statistically significant difference ( p = 0.001 for the former and p = 0.006 for the latter difference) confirms that discovery is an important factor for the adoption of recommendations and therefore confirms the outcomes of previous studies about the importance of this factor in the 
RQ 4: music-related factors for the adoption of recommendations
We now focus on quality criteria for playlists. We analyze to what extent the participants actually relied on these criteria when adopting recommendations and what other characteristics of the recommendations correlated with the adoption rates.
Quality criteria for playlists
We asked the participants to rank the quality criteria according to their relevance for their playlist (see Sect. 4 and Table 1-List 3). Our main goal here was to contrast the expressed statements of the participants with the characteristics of their created playlists and of the adopted recommendations.
In this context, we first analyzed the rankings that were provided by the participants in the post-task questionnaire. To determine the overall ranking, we used the Modified Borda Count method (Emerson 2013) , which can be applied when some rankings are only partial, i.e., when not all items are ranked. We also counted how often each criterion was marked as relevant (relevance frequency). The results are shown in Table 4 .
The results indicate that, overall, the participants consider the homogeneity of musical features (e.g., tempo, energy or loudness) along with the artist diversity of the resulting playlist as the most relevant quality criteria for playlists. Surprisingly, the lyrics aspect was ranked third, i.e., before the order and the popularity of the tracks, as well as transitions between the tracks and their freshness, which are often considered as major quality criteria in previous studies (Cunningham et al. 2006; Jannach et al. 2014; Dias et al. 2017) . One explanation is that the lyrics often correspond to a theme or topic, and that this topic is even more important than the other four criteria. The importance of the topic will be studied in detail later in this section.
Characteristics of the adopted recommendations The previous result only provides information about what criteria the participants considered most relevant for their playlists. Our next goal is to determine to what extent the participants actually relied on these criteria when adopting recommendations. However, not all quality criteria could easily be compared with the actual choices of the participants. For instance, our dataset did not contain the lyrics of the tracks, nor the audio signal to assess the quality of the transitions. Still, we could analyze the following criteria. First, more than 45% of the participants of the RecUsed group created playlists in which each artist appeared only once (this value is 57% across all participants). Although these participants are not the majority, the value can still be considered high as the RAGH recommender always recommended a few tracks from the artists that were already in the playlist. Another criterion we could contrast with the actual behavior of the participants is the order of the tracks. Although the order only came in fourth position in the ranking of the quality criteria, we noticed that about one third of the participants reordered their tracks at least once during the creation of their playlists. This means that this criterion is still quite important, which does not necessarily contradict the ranking of the participants: the order is important for one third of the participants, while the three preceding criteria may be even more important. These two results seem to confirm that the participants actually relied on their provided criteria when adopting recommendations.
Spotify versus RAGH
The recommendation lists presented to the participants of the Rec group contained 10 recommendations obtained via Spotify's API and 10 recommendations that were generated by the RAGH method (see Sect. 4). Therefore, another way of determining to what extent the participants actually relied on their expressed quality criteria when adopting recommendations is to compare the characteristics of the provided recommendations of each algorithm and the usage of each of these recommendation algorithms. 67% of the recommendations that were included in the playlists were selected from the RAGH recommendations. This result is in line with the results of the user study reported in (Kamehkhosh and Jannach 2017) where the recommendations of the CAGH method were often considered to be very suitable for continuing a given playlist. This result confirms the importance of the artists in the selection of tracks, but also suggests that popularity and possibly the user's familiarity with the recommended tracks (as the related artists are more likely to be known) may also be major adoption criteria. However, as our previous results have shown no correlation between the popularity and the adoption rate, it is likely that the major factor that made the RAGH recommendations more acceptable was related to the artists. Finally, to obtain a better understanding of the characteristics of the provided recommendations of each algorithm, we queried the musical features of the recommended tracks through Spotify's API. Table 5 shows a list of these features. The results show statistically significant differences between the recommendations of Spotify and RAGH in several dimensions, see Table 6 . For instance, the recommendations of Spotify are, on average, less popular (avg = 33.41) than the recommendation of RAGH (avg = 51.07) 17 , and are also released more recently (avg = 2008) than those of RAGH (avg = 2006), which confirms the low correlation between the freshness and the adoption rate.
RQ 5: dependency of adoption factors on the topics of the playlist
As explained in Sect. 4, the participants were presented with six possible topics for their playlists. These topics can be categorized into three different contexts: chillout, roadtrip, and work. For each of the contexts, two different purposes were considered. As can be seen in Fig. 11 , some topics were much more popular than others, especially the combination of roadtrip and singing along, which was selected twice as often as the third most frequent topic.
After the playlist creation task, we asked the participants how well the recommendations matched the topic of their playlist, and computed the correlation between the participants' answers to the question and the number of adopted recommendations. The resulting correlation is 0.18 ( p = 0.046). Although the decision of using a recom- mendation was more dependent on the taste of the users (0.35, p < 0.001), matching the topic of the playlist was still an important adoption factor as the corresponding correlation is comparable to that of artist diversity (0.12, p = 0.2) and genre similarity (0.21, p = 0.02).
To measure more precisely to what extent the adoption factors depend on the context and purpose of the playlist, we first compared the respective musical characteristics of the selected recommendations for different topics. The results show differences in various dimensions. For example, on average, the recommendations that were adopted for the roadtrip playlists (including both intentions, i.e., singing along and bank robbery) are significantly less acoustic than the tracks of the playlists for chillout and work (see Fig. 12a ). Even in the same context, different purposes can lead to the adoption of recommendations with different characteristics. For example, the average tempo of the selected recommendations for creating playlists with the purpose of focusing at work is significantly higher than the average tempo of the selected recommendations for motivation playlists in the same context (see Fig. 12b ).
Another interesting observation in this regard relates to the release year of the selected recommendations. The average release years for the contexts roadtrip, work and chillout are 2002, 2011 and 2012, respectively, i.e ., the adopted recommendations for the context roadtrip are respectively 9 and 10 years older than the ones selected for both other contexts. Considering the specific purpose of singing along in this context, the average is even 4 years older (avg = 1998). In other words, users generally do not pick too recent tracks for long journeys on the road, especially when the goal is to sing along. One possible explanation for that phenomenon could be that road trips are often done with a group of friends or with members of the family, in which case the playlist must contain tracks that people of different ages all like. As younger people are more likely to like old songs than older people are to like recent songs (Krumhansl and Zupnick 2013; Stephens-Davidowitz 2018) , tracks that everybody likes are more likely to be older. The even older tracks for the purpose singing along is likely caused by the fact the lyrics must be known: as memorization is dependent on repetition, one is more likely to remember the lyrics of older tracks.
Furthermore, going back to the provided ranking of quality criteria by the participants, but this time with respect to the topics of the playlists, some interesting differences can be observed, see Table 7 . For example, the popularity aspect was considered a more relevant criterion for roadtrip playlists than for work or chillout playlists. This confirms our previous intuition about popularity aspects for roadtrip playlists. Similarly, the transition aspect was relatively more important for work playlists than for the other two contexts. These differences are in line with the outcomes of previous works showing the importance of the context with respect to the perceived quality of music recommendation (Wang et al. 2012; Schedl and Schnitzer 2014) . The results also show the importance of the purpose, a fact for which, to the best of our knowledge, no evidence existed in the literature.
Overall, in order to better help users during the creation of playlists, service providers should thus probably provide means for their users to indicate the corresponding context and purpose. Furthermore, as the match with the user preferences is currently the most frequent evaluation criterion in academic research of music recommendation, future research could additionally include metrics related to the context and purpose in their evaluations.
RQ 6: persuasiveness of recommendations
To determine to what extent recommendations influenced the type of tracks the user selected, we first analyzed several characteristics of the tracks depending on whether they were selected from the search interface or from the recommendations. As in previous research questions, we relied on the API of Spotify to retrieve 12 different features for the tracks (see Table 5 ).
As shown in Table 8 , we found statistically significant differences for most of the musical features-exceptions include the liveness, the speechiness, and the tempo feature. The strongest differences we observed were for danceability and popularity ( p < 0.001): the recommendations picked by the users-across all topics-are less danceable and less popular than what they pick from the search interface. In other words, the adopted tracks were generally quite different from the tracks the participants have selected from the search interface. However, no strong differences were found between the playlists made by participants of the Rec group and the playlists made by the participants of the RecUsed group. Overall, it seems that the recommendation service merely acted as a facilitator and did not strongly influence the choices of the users of the RecUsed group. Next, we draw our attention to the potential influence of recommendations on the chosen tracks even when users did not use them. We asked the participants who received recommendations but did not use any of them to state whether the recommendations influenced their track selection. As shown in Fig. 13 , more than a third of them (37%) responded positively, i.e., with a rating of 5 or higher. Moreover, we found a strong correlation (0.67, p < 0.001) between being influenced by the recommendations and the perceived usefulness of the recommendations. This means that the recommendations were not only useful for the users who used at least one recommendation, but also for a large part of the participants who only looked at them.
Another indicator for the existence of such an influence is that an average overlap of 74% could be observed in terms of the artists that appeared in the recommendations that were provided to the participants of the RecSeenNotUsed group and the artists of the tracks that they selected manually. This value is 84% for the RecUsed group.
Overall, these results suggest that the mere presence of the recommendations does influence what users select. This effect was previously investigated in user studies in (Köcher et al. 2016 (Köcher et al. , 2018 , where the participants exhibited a tendency to select items that were content-wise similar to a (random) recommendation.
In this work, we have explored a number of questions related to the adoption and influence of recommender systems during playlist creation. Based on our observations, we derived a number of implications related to the design of such systems which we first discuss in this section. Next, we present the research limitations of our work and future directions.
Practical implications
Design of user interfaces One of our findings is that about 20% of the participants who did not pay attention to the recommendation or did not use them did not trust recommender systems. Although relatively small, this proportion could be lower by carefully designing the user interface. For instance, Berkovsky et al. (2017) have shown that grouping the recommendations by genre can lead to a substantial increase in trust ratings for movie recommendations. In the same study, explanations about the underlying algorithms were also very efficient, although less efficient than the grouping by genre. These explanations may however have been too much detailed, as Kizilcec (2016) has shown that providing too much information in explanations can reduce their effects on trust improvements.
Our study also sheds light on the importance of the context and purpose of playlists. Although the context has often been in the focus of academic research already, the options provided by commercial services to take the context into account are still limited. 18 Although many platforms allow users to browse music by ambiance, mood, etc., they usually do not let users indicate in what context they intend to play the playlist they are creating, nor with what purpose. It would therefore probably be beneficial for service providers to include such a functionality in their user interfaces.
Design of algorithms The homogeneity of track features and the diversity of artists were ranked as the most important criteria for the quality of playlists. Homogeneity is often assumed a particularly important criterion in the literature; however, the criterion of artist diversity is not . Moreover, our analysis of the characteristics of the recommendations showed a clear negative correlation between the adoption rate and high levels of artist diversity. This means that recommenders should provide users with recommendations that match the desired artist diversity of the playlist, but which should however not be too diverse.
Another interesting result is that half of the participants who used the recommendation service reported that it helped them discover relevant tracks and artists. This is a strong confirmation that users often wish to discover something new. Still, the other half of participants used the recommendations although they did not discover new relevant tracks. This means that users are generally interested in getting both types of recommendations: (1) tracks that they do not know but may like and that are relevant for the playlists, and (2) tracks with which they are famil-iar, that they like and that are relevant for the playlist. One implication of that observation is that the recommendations should effectively balance both antagonistic criteria.
Research limitations and threats to validity
Evaluating the usefulness of recommender systems and analyzing the users' behavior in the presence of such systems with user studies is challenging in different ways. In the music domain, the problem is particularly difficult as it is usually required that the participants listen to a number of tracks during the experiment. This means that they have to invest a considerable amount of effort to complete the study, which may lower the reliability of the results. To alleviate this problem, we provided 30-s previews of the searched and recommended tracks. Since we used excerpts that were selected and provided by Spotify, we are confident that the excerpts are representative of the tracks. Furthermore, we limited the number of minimum tracks in the playlist to six to make the playlist creation task less laborious for the participants. Note that the simplest way of creating a playlist without proper attention is to simply pick one recommendation after the other until the minimum list size is reached. An analysis of the logs however shows that only 13 of the 270 participants could be suspected of a lack of engagement in the study. In the end, as discussed at the beginning of Sect. 5, the participants were well engaged in the task, which makes us confident that the results are reliable.
Academic user studies in the music domain often have a limited size and in many cases only involve 10 to 20 participants in total . Our study involved 270 participants. The majority of the study participants were university students. While this population of digital natives might be representative of many users of today's digital music services, it remains an open research question to what extent the obtained results generalize to other types of music listeners. 19 Another limitation in terms of the generalizability of the results is that the acceptance and adoption of recommendations could depend on the quality of the recommender system. We, therefore, built up the user study on two alternative technical approaches. One that is used by one of the market leaders in the music streaming industry 20 , and an academic one that has shown to lead to recommendations that were perceived as very helpful by users in previous research (Kamehkhosh and Jannach 2017) . With this selection, we are confident to cover two algorithmic techniques, which are presumably able to generate meaningful and helpful recommendations. One related limitation is that the applied recommender system for the study is not aware of the long-term profile of the participants. This might affect the participants' perception of the usefulness or relevance of the proposed recommendations. We, however, made sure that the provided recommendations were tailored to the selections of the user and were updated every time a new track was added to the playlist.
A more general limitation of laboratory studies is that when users feel being supervised or in a "simulation" mode, they might behave differently than when they are within one of their normal music listening environments. To reduce this problem, we provided an online application to enable users to participate in the study when and where they wanted to.
Finally, our study was based on a predefined set of topics and we have to be aware that the choice of the topic might have impacted the observed outcomes. To minimize this threat to validity, we used a systematic procedure-as described above-to identify a set of six topics for which we were confident that they represent no major obstacle for the majority of the participants.
Future directions
With our study, our goal is to shed more light on the perception and adoption of recommender systems that are designed to support users in the playlist construction process. Our results showed a high general adoption rate of recommendations during the playlist creation task. Analyzing the responses of the participants to our questionnaire and the characteristics of the adopted recommendations revealed different user-related, system-related and music-related adoption factors. Our results indicated that the relevance of each of these adoption factors depends on the context and intended purpose of the playlist. Finally, our study provided additional evidence for the persuasiveness of recommendations in the music domain.
One of our main observations is that not only the context but also the purpose with which the user creates a playlist has a major importance. In our future work, we plan to study this particular aspect in more detail, especially by proposing algorithms that are able to infer the context and the purpose of a playlist from the available data. One prerequisite is to build a rich dataset in which information about these two particular elements is provided. For example, the "InCarMusic" data set made available by Baltrunas et al. (2011) , despite some limitations (low number of tracks, user ratings of genres instead of individual tracks, one very specific type of context, etc.) can be considered an important step in that direction.
Another interesting finding is the importance of the order. This criterion was ranked comparably high, and one third of the participants reordered their tracks during the creation of their playlists at least once. Current music recommender only recommend tracks to add to the playlist without taking the order into account. One of our perspectives is thus the development of new recommendation models that are able to not only take into account the order of the tracks as input data, but also to suggest positions where to insert the recommended tracks as well as reorderings of the tracks of the playlist.
Finally, our results have shown that recommender systems can also be useful even when the recommendations are not directly adopted, as users can mentally associate a recommended track or artist to a relevant track they know but would not have thought of if they did not have seen the recommendation. Although the usual paradigm is to provide users with items they may like, one research direction that may be particularly relevant is therefore to provide users with items that act as cognitive triggers (Arnott 2006) .
